In this paper, we propose an algorithm based on active shape model for the extraction of Optic Disc boundary. The determination of Optic Disc boundary is fundamental to the automation of retinal eye disease diagnosis because the Optic Disc Center is typically used as a reference point to locate other retinal structures, and any structural change in Optic Disc, whether textural or geometrical, can be used to determine the occurrence of retinal diseases such as Glaucoma. The algorithm is based on determining a model for the Optic Disc boundary by learning patterns of variability from a training set of annotated Optic Discs. The model can be deformed so as to reflect the boundary of Optic Disc in any feasible shape. The algorithm provides some initial steps towards automation of the diagnostic process for retinal eye disease in order that more patients can be screened with consistent diagnoses. The overall accuracy of the algorithm was 92% on a set of 110 images.
Introduction
Early detection and treatment of retinal eye disease is critical to avoid preventable vision loss. Conventionally, retinal disease identification techniques are based on costly and time consuming manual observations. However, the deployment of automatic detection techniques can aid the diagnosis of eye disease in a time and cost effective manner. Consequently, we expect more patients can be screened with greater consistency in their diagnoses via automation of steps in the diagnostic process. Retinal disease gives rise to changes in anatomical structure that can be observed on retinal images. The key anatomical structure of interest for diagnosis is the Optic Disc that provides the path to transfer visual information to the brain via Optic Nerves [7] . Its boundary detection is fundamental to the automation of retinal eye disease diagnosis because the Optic Disc Center is typically used as a reference point to locate other retinal structures, and any structural change in the Optic Disc, whether textural or geometrical, can be used to determine the occurrence of retinal diseases such as Glaucoma.
Glaucoma is one of the most common retinal disease and it is the second most frequent cause of blindness with 12.7% of the cases being affected by it [19] . Glaucoma leads to irreversible structural changes in the Optic Nerve Head (ONH). Clearly, early detection and subsequent treatment is essential if patients are to preserve their vision. The most common type of Glaucoma, i.e. Open Angle Glaucoma is usually suspected if the eye pressure i.e. the Intra-Ocular Pressure (IOP) as measured by Tonometer is IOP>21 Hg [7] . However, this method is not reliable [6] and optometrists usually refer for a second opinion before making their decision. The measurement of IOP is not possible directly from a retinal image but the diagnosis of Glaucoma is possible by using indirect measurements such as an increased Optic Cup to Disc Ratio, ONH shift and vessel shift in a retinal image. In order to determine these measurements, we need reliable and accurate techniques to segment the Optic Disc in an image. Therefore, the extraction of the Optic Disc is important in the diagnosis of Glaucoma. However, automating the process accurately and reliably is not a simple task as the Disc boundary can be partially obscured by blood vessels and furthermore, the Optic Nerve is a 3-Dimensional structure of which a fundus image only shows a 2-Dimensional view.
Optic Disc segmentation is usually performed after identifying the approximate center of the Disc. The natural variation in the characteristics of the Optic Disc, including the variations in pigmentation and myelination of the nerve fiber layer are significant problems for defining the Optic Disc boundary. The occlusion of the Disc's rim by blood vessels are also significant distractors. This paper presents the use of an Active Shape Modeling (ASM) [4] algorithm in the determination of the Optic Disc boundary. ASM involves shape approximation of the object to be determined (in our case it is the Optic Disc) using a mathematical model. The model deforms to reflect the boundary shape of the Optic Disc in ways that are consistent with shapes presented in a training set of images. In this pa-per, we present our deformation procedure of the model and used a comparatively larger fundus retinal image database than previous related work in order to test and verify our algorithms.
The paper is organized as follows. Section 2 provides an overview of previous work based on automatic extraction of the Optic Disc boundary. Section 3 presents the details of our proposed ASM method and the retinal image database used for training and testing purpose. Section 4 presents the experimental results, including the quantitative and visual results. Finally, the concluding remarks and the future work are provided in Section 5.
Previous Work based on Literature Survey
The literature describes Model based and other approaches for the determination of the Optic Disc boundary. In the Non-Model based approaches, the Optic Disc was either approximated as an elliptical area or they were segmented out using different thresholding techniques or morphological operations. Walter and Klein [23] describe an approach by first approximately localizing the Optic Disc center in the Luminance channel after converting it to a Hue-Luminance-Saturation (HLS) colour space and applying a thresholding operation. Then the precise boundary of the Optic Disc was determined using the red channel of the RGB colour space via the watershed transform that involves Region-growing image segmentation based on morphological operations on a gradient image [18] . In determining the Optic Disc, the transform is constrained by markers derived from a previously calculated Optic Disc center. They reported the boundary of the Optic Disc was correctly identified in 27 out of 29 images having only slight distortion of the boundary due to blood vessels. Nayak et al. [16] used morphological operations in the red plane of the coloured image. They further segmented out the Optic Cup in the green plane and calculated a Cup to Disc Ratio by taking the vertical lengths of both segmented areas. Using the Cup to Disc Ratio, they classified between Normal and Glaucomatous images with an overall accuracy of 90% on a set of 15 images. Köse andÍkibaş [11] thresholded the Optic Disc using three different criteria. 1) Percentage of higher pixel intensity values. 2) A threshold value used to segment out blood vessels and degenerated areas, then the pixel area with the largest intensity value is selected as the Optic Disc's location. 3) Highest histogram values along both horizontal and vertical directions of the image. They calculated the Optic Disc diameter by averaging the vertical and horizontal lengths of the segmented Optic Discs. Aquino et al. [1] approximated the Optic Disc boundary using a Circular Hough Transform on the gradient image obtained after removal of blood vessels. Babu and Shenbagadevi [2] used k-means clustering after converting the image into Commission Internationale dé Eclairage (CIE) format having image planes of Intensity, Difference of Red and Green channels and Difference of Green and Blue channels. They calculated the Cup to Disc Ratio by taking the rectangular area of both the Optic Disc and Optic Cup. In all of the methods mentioned above, the segmentation area of the Optic Disc was not reported and its measurements were taken by either approximating it as an elliptical area or a rectangular area.
The Model based approaches were characterized as either free-form modeling or prior-shape modeling [13] . In free-form modeling, there is no global structure of template except some constraints are applied. Out of free-form deformable modeling, Active Contour Modeling (ACM) [10] has been widely investigated by several authors for the extraction of an Optic Disc boundary. ACM relies on the concept of a deformable contour that changes its shape dependent on the properties of an image concerning desired contour properties and/or knowledge based constraints. The behavior of classical parametric active contours is typically controlled by internal and external energy functions. The external energies involves certain features such as edges in the image, whereas internal energies, such as elasticity and rigidity, serve as smoothness constraints to resist any deformation. The minimization of a total energy function moves the contour towards the target shape. Mendels et al. [14, 15] applied morphological operation on retinal images followed by an active contour to segment the Optic Disc. In the morphological operation, a dilation operator was first applied followed by an erosion operator in order to re-establish the Optic Disc contour whilst maintaining the maximum of the dilated/eroded image and the original one. Having removed the blood vessels crossing the Disc boundary, an active contour was initialized as a circle centered on and inside the Optic Disc. The contour was fitted to the rim of the Disc using the Gradient Vector Flow (GVF) technique [24] . The technique was tested against a set of nine retinal images. Xu et al. [25] represented the vector of control points using smoothness, gradient orientation and median intensity. Moreover, the contour points were grouped into edge point clusters and uncertain point clusters using a weighted k-means algorithm where the position of the contour points were updated automatically. This operation retains the edge points close to their original positions and updates the uncertain points to their correct positions. Joshi et al. [8] used a level set approach in which a contour is represented by a zero level set of Lipschitz function [17] . However, ACM was prone to error when there was any textural change or atrophy associated with any of the retinal diseases around the Optic Disc boundary [9] .
Prior-shape modeling involves the use of a training set in order to determine the shape model which can be further deformed by a set of parameters determining specific characteristics of the shape. Out of prior-shape modeling, ASM has been explored by some authors for the extraction of Optic Disc boundary. Li and Chutatape [12] proposed the use of ASM in order to model the boundary of Optic Disc however like their work on ACM they compared their result with those obtained from ophthalmologists on the basis of MPDCP. Fengshou et al. [5] used other evaluation measures as well after taking the weighted combi-nation of the colour channel planes and applying their own shape deformation procedure. We introduce our new shape deformation procedure and compare our results with original ASM [4] using similar evaluation measures.
Methodology
The method will include two basic steps: firstly, building a Point Distribution Model (PDM) from a training set (see Section 3.1); secondly, the use of an iterative searching procedure to find the best matching instance of the shape in an observed image using an edge profile of the Optic Disc image. (see Section 3.2)
Point Distribution Modeling
PDM [4, 22] is a method for building a model by learning patterns of variability from a training set of shapes in the form of annotations. The model allows deformation in certain ways that are consistent with the training set. The PDM can therefore be used to locate new instance of such shapes in other images. In order to construct the training set and build the PDM, we need to align [21] the shapes present in the training set. The shape alignment aims to transform all training set shapes into a common coordinate frame.
The shape of an Optic Disc in a two-dimensional (2-D) image can be described by the set of n landmarks. The landmarks are manually annotated to describe the disc shape in a retinal images. Each shape can be described as a vector of n coordinate pairs having 2n elements as mentioned below:
The task of shape alignment can be achieved by three transformation step: centralization, scaling and orientation. For centralization, the centroid of each landmark shape is calculated as the average position of all its landmarks, then the shape is translated to its local origin by subtracting its centroid (See Figure 1(b) ). The centroid of the shape can be represented as:
After translation to the origin, in order to rescale each shape to have equal size, they are normalized (See Figure  1(c) ) using the Frobenius norm (2-norm) [21] equation as:
where,
and
The annotations for the left and the right eyes are usually performed in different directions, i.e. clockwise and in anti-clockwise directions, we then need to flip the annotations of the left eye to lie in same direction to that of the right eye in order to perfectly align them as shown in Figure 1(d) . We now aim to determine the parameterized model to be used to generate new vectors. For this, we perform Principal Component Analysis (PCA) on the aligned training shapes. PCA is used to identify patterns in the data set and to express or highlight the similarities and differences in the data set [20] . After the application of PCA, the Optic Disc can be approximated in the form of PDM as:
whereX, i.e. the mean of N aligned training shapes is given as:X
Moreover, Φ = (φ 1 , φ 2 .......φ t ) is a set of t eigenvectors corresponding to the largest t values of the covariance matrix S. Noting that S is given as:
The vector b defines a set of parameters of a deformable model. By varying the elements of b, we can vary the shape. The vector is given as:
By applying the limit of 3 √ λ i to the absolute value of elements of b, i.e. |b i | we ensure that the shape generated is similar to those in the original set. The number of eigenvectors to retain i.e. t is chosen based on following equation
where k defines the proportion of the total variation. Usually, its value is set to 98%.
Active Shape Modeling
After the determination of PDM from equation 6, it needs to be deformed so that it can reflect the boundary of an input image. This procedure is known as Active Shape Modeling (ASM) [4] . ASM uses an iterative search procedure to update the vector b in every iteration. Every time the vector updates, PDM tends to imitate the required shape that is the boundary of Optic Disc in our case. In order to search for the Optic Disc boundary, we need to determine the input image gradient which is the directional change in pixel intensity. Clearly, the image gradient determines the magnitude of edges for the structures present in an image. Higher intensity changes across the pixels, lead to stronger and more clearly defined edges in an image. Figure 2(a) shows the image gradient of the input image. We restrict our algorithm to determining the image gradient in the red plane because the boundary of the Optic Disc has its strongest edge in the red plane as compared to green and blue planes [16] . At the start of an iteration, X is placed approximately at the center of the Optic Disc and scaled to be approximately equal to the size of Optic Disc in the input image. Initially, its value is equal toX. The scaling value is obtained by taking the ratio of the training set mean before and after normalization. There can be different ways to search the edges representing the boundary of the Optic Disc from its image gradient, however, in our case, we searched the edges along the direction perpendicular to the boundary of the PDM. This can be obtained by calculating the normal lines on the landmarks of PDM. The equation of the normal can be obtained using the following steps:
1. Find out the equation of the curve connecting the landmark with the same adjacent on both sides.
2. Find out the value of gradient of the curve on the landmark. This would be equal to slope of line tangential to the curve on that landmark.
3. The negative of the inverse of the slope calculated in previous step will lead to the determination of the equation of the line normal to the curve on that landmark.
Since the edges of the Optic Cup as well as the blood vessels can also exert influence during the search for the Optic Disc boundary (represented by the model set points), it is important to constrain the search space by restricting the magnitude of the normal lines to vary from a minimum of; half the distance between i) the model set points and ii), the training set points nearest to the localized center upto a maximum of; i), half the distance between the model set points, and ii), the training set points farthest from the localized center as shown in Figure 2(b) . The set of image points, i.e. Y is obtained after determining the strongest edge along the normal lines on the image gradient of the input image and it is updated after every iteration. PDM is then updated by following the iterative procedure mentioned below:
1. Initialize b=0.
2. Generate the model X =X + Φb.
Find the transformation parameters which best maps x
to Y. This can be achieved by minimizing the equation
where (X t , Y t )=translational parameters, s=scaling parameter and θ=rotational parameter. Moreover T Xt,Yt,s,θ can be given as:
where X x and X y are x-coordinates and y-coordinates of the model respectively. The minimization function of equation 11 can be more simplified as mentioned below:
Note that if both Y and T Xt,Yt,s,θ are in the form of column vector, the error value would be scalar.
Invert the transformation function and use to project
Y into model coordinate frame.
5. Update the model parameters to match y
6. Repeat from step 2 until convergence.
In order to converge the iteration, we can apply the limits -3 4 Experimental Evaluation
Description of Retinal Image Database
One of the public databases available for testing our algorithms is DRION-DB. It has 110 retinal images with each image having the resolution of 600 x 400 pixels and the optic Disc annotated by two experts with 36 landmarks [3] (See Figure 3) . Table 1 shows the visual characteristics of the retinal images. The mean age of the patients was 53.0 years (standard Deviation 13.05), with 46.2% male and 53.8% female and all of them were Caucasian ethnicity. 23.1% patients had chronic simple glaucoma and 76.9% eye hypertension. The images were acquired with a colour analogical fundus camera, approximately centered on the ONH and they were stored in slide format. In order to have the images in digital format, they were digitized using a HP-PhotoSmart-S20 high-resolution scanner, RGB format, resolution 600x400 and 8 bits/pixel. Independent contours from 2 medical experts were collected by using a software tool provided for image annotation. A person with medical education and solid experience in ophthalmology was considered as an expert. In each image, each expert traced the contour by selecting the most significant papillary contour points and the annotation tool connected automatically adjacent points by a curve. Since, there was an inter-observer variability among the two experts tracing the contour of Optic Disc, therefore, Carmona et al. [3] , constructor of DRION-DB, used the average of the contours traced by the two experts. Out of 110 images, 55 images were used for training the PDM. 
Evaluation Procedure
In order to evaluate our results, we have used Dice Coefficient [5] and Mean Absolute Difference (MAD) [12] to find out the similarity between the extracted Optic Disc and the annotations obtained from the ophthalmologists. We have used the average of the contours traced by the two experts.
Dice Coefficient
The Dice Coefficient evaluates the degree of overlap of two regions and is used to determine the extent to which the segmented objects match. The Dice Coefficient can be defined as in equation 16: 
where A and B are the segmented images surrounded by model boundary and annotations from the ophthalmologists respectively, |.| represents the area of the region, and ∩ denotes the intersection. Its value varies between 0 and 1 where a higher value, indicates an increased degree of overlap.
Mean Absolute Difference
The Mean Absolute Difference (MAD) is the mean difference between the extracted boundary and the average boundary obtained from the ophthalmologists as shown below:
where e xi and e yi are the error values at the particular point. Table 2 shows the evaluation results obtained after application of our method on DRION-DB in which on average, inter-observer similarity between the boundaries traced by two experts was 0.96 and for the particular image, the average of the boundaries traced by both experts was considered as ground truth. We have applied our proposed method and the original ASM method on the same database DRION-DB with a set of 110 images. The results in Table 2 show that our method outperforms the original ASM in terms of both Dice coefficients (D) and Mean Absolute Difference (M AD). The D value of our method is up for 20% improvement and the M AD value is up for 74% improvement. Some of the good visual examples of our algorithm results are shown in Figure 4 . However, there were problems with our techniques when the Optic Disc was prominently larger than the mean set of training images as shown in Figure 5 . In this image with a large Optic Disc, the algorithm has been mislead by the high prominence (even in the red plane) of the blood vessels. Figure 5 . Example of problem when the Optic Disc was prominently larger than the mean set of training images: note the discrepancy between the ophthalmologist annotated Disc (left hand side) and the algorithm extracted Disc (right hand side).
Evaluation Results

Conclusion and Future Work
This paper presents the extraction of Optic Disc boundary in a retinal image using ASM. Unlike the previous work, the PDM deformation procedure was performed by limiting the edge search of the Optic Disc boundary in the input image gradient for the determination of set of image points. Moreover, the size of the database was comparatively larger as compared to the previous works. Limiting the edge search procedure improved the segmentation re- sults of the Optic Disc in terms of degree of overlap of the segmented area and MAD between the extracted boundary and the ground truth. However, the techniques were not accurate under specific conditions; particularly when the blood vessels were more prominent due to a relatively large size of an Optic Disc in the test image. Therefore, our future work is investigating texture based analysis in conjunction with ASM. The texture based analysis will assist differentiation between the Optic Disc boundary, Optic Cup boundary and blood vessels. Moreover our future task also includes the use of an Optimal Image based on the weighted combination of colour channels and calculation of an optimum combination of weights in order to maximize the degree of overlap between the PDM and the test image. This will reduce the effect of noise as well as the Peripapillary Atrophy and blood vessels occlusion. This future work study will lead to the segmentation of the Optic Cup boundary whose measurements, alongwith those of the Optic Disc, will be helpful in determining features reflecting anatomical changes due to retinal diseases such as Glaucoma.
